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ABSTRACT OF DISSERTATION
Systems Level Analysis of Organelle Biogenesis in Saccharomyces Cerevisiae
for Arts & Sciences Graduate Students
by
Kiandokht Panjtan Amiri
Doctor of Philosophy in Physics
Washington University in St. Louis, 2017
Professor Shankar Mukherji, Chair
Eukaryotic cells contain hundreds of subcellular structures that serve different functions to
maintain cellular homeostasis. A hallmark of Eukaryotic cells is its compartmentalization into
membrane-bound organelles. One of the grand challenges in quantitative cell biology is
understanding the precision with which cells assemble and maintain subcellular organelles.
Despite identification of numerous molecular factors that regulate organelle sizes we lack insight
into the quantitative principles underlying organelle size control. We examine organelle sizes from
Saccharomyces cerevisiae and human iPS cells with mathematical theory to show that cells can
robustly control average fluctuations in organelle size. By demonstrating that organelle sizes obey
a universal scaling relationship we predict theoretically, our framework suggests that organelles
grow in random bursts from a limiting pool of building blocks. Burst-like growth provides a
general biophysical mechanism by which cells can maintain on average reliable yet plastic
organelle sizes. Additionally, we have characterized the systems-level patterns of interdependence
in organelle biogenesis by engineering budding yeast cells with six simultaneously fluorescent
labeled membranous organelles and perturbing genetic factors involved in the biogenesis of each
individual organelle, to measure the response in the growth of other organelles.
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Chapter 1: Introduction to Organelle Biogenesis
One of the hallmarks of the eukaryotic cell is its organization into distinct spatial compartments
known as organelles, that mediate processes critical to cellular function. These organelles play a
critical role in cellular homeostasis and on a grand scale, in maintaining the overall health of their
corresponding organism. Malfunction of these membrane-bound organelles, along with changes
in their natural biogenesis properties such as their number and size can lead to cell death,
phenotypic failure, and disease.

Mitochondria are organelles known to generate most of the chemical energy needed to power the
cell's biochemical reactions and are vital to most of the eukaryotic cells as they provide energy in
the form of adenosine triphosphate by oxidative phosphorylation. Many lines of evidence and
studies suggest that mitochondrial dysfunction plays a key role in the pathophysiology of diabetes.
Type 2 diabetes mellitus (T2DM) has been related to alterations of oxidative metabolism in
insulin-responsive tissues. Overt T2DM can present with acquired or inherited reductions of
mitochondrial oxidative phosphorylation capacity, submaximal ADP-stimulated oxidative
phosphorylation, and plasticity of mitochondria and/or lower mitochondrial content in skeletal
muscle cells and potentially also in hepatocytes. Acquired insulin resistance is associated with
reduced insulin-stimulated mitochondrial activity as the result of blunted mitochondrial plasticity.
Hereditary insulin resistance is frequently associated with reduced mitochondrial activity at rest,
probably due to diminished mitochondrial content. Lifestyle and pharmacological interventions
can enhance the capacity for oxidative phosphorylation and mitochondrial content and improve
insulin resistance in some (pre)diabetic cases. Different mitochondrial features can be abnormal,
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but not all are necessarily responsible for all forms of insulin resistance. Nevertheless,
mitochondrial abnormalities might accelerate progression of insulin resistance and subsequent
organ dysfunction via increased production of reactive oxygen species (Kwak 2010, Szendroedi
2012).

Another organelle known to play a role in diabetes and metabolic disease are Lipid droplets (LDs).
LDs are membranous organelles that store neutral lipids within cells. In its simplest form, the LD
regulates the storage and hydrolysis of neutral lipids, including triacylglycerol and cholesterol
esters. It has become increasingly evident that alterations in the regulation of LD physiology and
metabolism influence the risk of developing metabolic diseases. During development of T2D,
excessive nutritional load is thought to expose pancreatic islets to toxic effects of lipids and reduce
β-cell function and mass. However, lipids also play a positive role in cellular metabolism and
function. Thus, proper trafficking of lipids is critical for β cells to maximize the beneficial effects
of these molecules while preventing their toxic effects. Lipid droplets (LDs) are organelles that
play an important role in the storage and trafficking of lipids. Based on the abnormal LD
accumulation observed in human T2D islets, there is a possible role for LDs during the
development of β-cell failure in T2D. Current knowledge indicates that proper formation and
clearance of LDs are critical to normal insulin secretion, endoplasmic reticulum homeostasis, and
mitochondrial integrity in β cells (Tong 2022, Greenberg 2011).

Peroxisomes are another organelle that play a role in cellular metabolism. The major function of
the peroxisome is the breakdown of very long chain fatty acids through beta oxidation. In animal
cells, the long fatty acids are converted to medium chain fatty acids, which are subsequently
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shuttled to mitochondria where they eventually are broken down to carbon dioxide and water. In
yeast and plant cells, this process is carried out exclusively in peroxisomes A well-studied
organelle-associated disease is Peroxisomal disease which is caused by impairment in peroxisome
function of various types of cells in the body. Zellweger Syndrome (SZ) is a type of peroxisomal
disease. Some hallmark symptoms of peroxisomal disorders such as SZ include hearing and vision
loss, hypotonia, neurological issues, seizures, developmental delay, feeding issues, adrenal
insufficiency, leukodystrophy, and liver, kidney, and bone disease. Emerging studies suggest that
peroxisomal function may also be altered with aging and contribute to the pathogenesis of a variety
of diseases, including diabetes and its related complications, such as diabetic kidney disease,
neurodegenerative disorders, and cancer. Novel evidence indicate that peroxisomal function is
declined with aging, with peroxisomal dysfunction being linked to early onset of multiple agerelated diseases including neurodegenerative diseases. (Hwang 2012, Cipolla 2016, Jo 2019).

The Golgi apparatus is known to underpin many important cellular homeostatic functions,
including trafficking, sorting and modifications of proteins or lipids. These functions are
dysregulated in neurodegenerative diseases, cancer, infectious diseases and cardiovascular
diseases, and the number of disease‐related genes associated with Golgi apparatus is on the
increase. Recently, many studies have suggested that the mutations in the genes encoding Golgi
resident proteins can trigger the occurrence of diseases. In many studies it was found that most of
these diseases have defects in membrane trafficking. Such defects typically result in mislocalization of proteins, impaired glycosylation of proteins, and the accumulation of undegraded
proteins. As aging progresses, the prevalence of neurodegenerative diseases is also rising. Golgi
is increasingly being considered and studied as an important organelle. In neurons of
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neurodegenerative diseases, Golgi has undergone morphological changes such as cystic dilatation,
rupture, reduced number, reduced volume, and reduced vesicles and adjacent vesicles associated
with the rough endoplasmic reticulum, or aggregate at the periphery of the nucleus or cytoplasm.
Among them, Golgi fragmentation is a typical feature of neurodegenerative diseases, and different
mechanisms may be involved in different neurodegenerative diseases (Liu 2016, Liu 2020).

Abnormalities in organelle biogenesis properties in fungi and plant cells lead to phenotypic
disfunction. Uncoordinated regulation of organelle size can lead to severe phenotypic defects, such
as impaired Chlamydomonas reinhardtii motility in uncoordinated flagellar length control
(McVittie 1972), inappropriately sized secretory vesicles due to variability in Golgi size (Ferraro
2014), and impaired metabolism due to defects in mitochondrial (Toda 2016) and peroxisomal
(Waterham 2007) fission among others.

Dysfunctional organelle size and abundance control has been linked to a wide variety of metabolic,
developmental, and neurodegenerative disorders. Over-aggregation and crowding of organelles
and Lewy body heave been associated with Parkinson’s disease (Hatch 2013, Shahmoradian 2019,
Mourelatos 1990, Chang 2017). The importance of controlling organelle size is further suggested
by the many scaling relationships that have shown both fixed relative sizes of various organelles
compared to their host cells in a variety of organisms and developmental contexts (Levy and Heald
2012), including for the nucleus (Levy and Heald 2010, Chen 2019) and vacuole (Chan 2016), and
nontrivial relationships such as maximal mitochondrial activity in intermediate sized cells
(Miettinen and Bjorklund 2016).
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Organelle biogenesis, among the most complex tasks the eukaryotic cell performs, is the result of
the coordinated synthesis of tens to hundreds of protein and lipid macromolecular species, each of
which is potentially subject to stochastic fluctuations intrinsic to their production. How these
molecular-scale fluctuations propagate to organelle-scale functional properties remains an
outstanding question in quantitative cell biology (Chang and Marshall 2017, Vagne and Sens 2018,
Sachadeva 2016, Bauer 2020). We have previously shown that organelle copy number statistics
exhibit substantial cell-to-cell variability (Mukherji and O’Shea 2014), though the root
mechanisms of this variability remain subject of much debate (Craven 2016, Choubey 2019).

Here we turn our attention to the ability of the eukaryotic cell to control a closely linked
biophysical property that determines organelle function: organelle size.
In chapter 2, we begin by developing a mathematical and experimental framework to study the
size control of four different organelles individually: Golgi apparatus, LDs, mitochondria, and
peroxisomes. We take a coarse-grained statistical physics approach looking at coarse biochemical
reactions that govern organelle biogenesis. Drawing on a combination of the theory of stochastic
processes and quantitative fluorescence imaging, we directly examine two questions: how
precisely the does the cell control the sizes of its organelles and what, if any, overarching
quantitative principles collectively describe the patterns of observed organelle sizes despite the
vastly different molecular mechanisms that implement size control?
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Chapter 2: Biogenesis of Individual Organelles
This chapter was adopted from the following submitted manuscript: “Robustness and
Universality in Organelle Size Control”, by Kiandokht Panjtan Amiri, Asa Kalish, and Shankar
Mukherji.

Robustness and Universality in Organelle Size Control
ABSTRACT
One of the grand challenges in quantitative cell biology is understanding the precision with which
cells assemble and maintain subcellular organelles. A critical property that governs organelle
function is its size. Organelle sizes must be flexible enough to allow cells to grow or shrink them
as environments demand yet be maintained within homeostatic limits. Despite identification of
numerous molecular factors that regulate organelle sizes we lack insight into the quantitative
principles underlying organelle size control. Here we examine organelle sizes from
Saccharomyces cerevisiae and human iPS cells with mathematical theory to show that cells can
robustly control average fluctuations in organelle size. By demonstrating that organelle sizes obey
a universal scaling relationship we predict theoretically, our framework suggests that organelles
grow in random bursts from a limiting pool of building blocks. Burst-like growth provides a
general biophysical mechanism by which cells can maintain on average reliable yet plastic
organelle sizes.
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INTRODUCTION
Among the most critical scales of biological organization in the eukaryotic cell is its
compartmentalization into organelles. Organelle biogenesis, among the most complex tasks the
eukaryotic cell performs, is the result of the coordinated synthesis of tens to hundreds of protein
and lipid macromolecular species, each of which is potentially subject to stochastic fluctuations
intrinsic to their production. How these molecular-scale fluctuations propagate to organelle-scale
functional properties remains an outstanding question in quantitative cell biology (Chang and
Marshall 2017, Vagne and Sens 2018, Sachadeva 2016, Bauer 2020). We have previously shown
that organelle copy number statistics exhibit substantial cell-to-cell variability (Mukherji and
O’Shea 2014), though the root mechanisms of this variability remain subject of much debate
(Craven 2016, Choubey 2019). Here we turn our attention to the ability of the eukaryotic cell to
control a closely linked biophysical property that determines organelle function: organelle size.
Pioneering work on a wide variety of organelles has focused on characterizing average organelle
sizes and begun to unravel the molecular mechanisms underpinning this size control (Marshall
2016). The physiological importance of controlling organelle size is highlighted by their massive
expansion upon increased demand for their outputs. The volume of the endoplasmic reticulum, for
example, is upregulated to support elevated protein secretion by mature B cells through activation
of the unfolded protein response (Shaffer 2004, Taubenheim 2012). Similarly, mitochondrial
volume increases to support elevated respiration in myocytes following prolonged exercise
(Jornayvaz and Shulman 2010). Peroxisome and lipid droplet volumes increase upon cellular
exposure to environments enriched in very long chain fatty acids (Smith and Aitchison 2013,
Thaim 2013, Wang 2014). The importance of controlling organelle size is further suggested by
the many scaling relationships that have shown both fixed relative sizes of various organelles
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compared to their host cells in a variety of organisms and developmental contexts (Levy and Heald
2012), including for the nucleus (Levy and Heald 2010, Chen 2019) and vacuole (Chan 2016), and
nontrivial relationships such as maximal mitochondrial activity in intermediate sized cells
(Miettinen and Bjorklund 2016). Dysfunctional organelle size control has been linked to a wide
variety of metabolic, developmental, and neurodegenerative disorders (Hatch 2013, Shahmoradian
2019, Mourelatos 1990, Chang 2017). Uncoordinated regulation of organelle size can lead to
severe phenotypic defects, such as impaired Chlamydomonas reinhardtii motility in uncoordinated
flagellar length control (McVittie 1972), inappropriately sized secretory vesicles due to variability
in Golgi size (Ferraro 2014), and impaired metabolism due to defects in mitochondrial (Toda 2016)
and peroxisomal (Waterham 2007) fission among others. What remains underexplored, as also
highlighted by complementary work simultaneous to our own documenting the coupling between
organelle size and fluctuations (Bauer 2020), is development of a quantitative understanding of
the precision with which organelle size variability is controlled, particularly for organelles that
exist in multiple copies per cell.
Drawing on a combination of the theory of stochastic processes and quantitative fluorescence
imaging, we directly examine two questions: how precisely the does the cell control the sizes of
its organelles and what, if any, overarching quantitative principles collectively describe the
patterns of observed organelle sizes despite the vastly different molecular mechanisms that
implement size control?
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RESULTS
Organelle size control appears to be constrained by a limiting pool of building blocks. In order to
decipher the quantitative principles governing organelle size control, we reasoned that we could
use a mathematical model of organelle biogenesis to interpret endogenous stochastic fluctuations
in organelle size. Our first task in building a mathematical framework to quantify organelle size
control was to be able to distinguish between the three general limits organelle growth is thought
to fall into (Marshall 2016). In the first limit, termed constant growth, organelle growth occurs at
a constant rate. In the second limit, termed negative feedback control, the cell constrains organelle
growth rates to drive them towards a target size. In the third limit, termed the limiting pool, we
assume that organelle sizes are constrained by a limiting pool of building blocks from which they
are assembled. In each limit, organelle size is affected by both size-specific processes, such as
growth and disassembly, as well as number changing processes such as fission and fusion (Rafelski
2008, Lowe 2007). We therefore derived a stochastic model of organelle biogenesis that tracks the
joint probability distribution of organelle numbers and sizes in single simulated cells. In this model
organelles can be created de novo, decay, undergo fission and fusion, grow in size, and shrink
(Fig.1A). Using the Gillespie algorithm (Gillespie 1977) we solve our model for the three general
limits that organelle growth can take. The simulation is performed by tracking the number and
sizes of organelles in a single cell until they reach steady state. We repeat these simulations for
1000 cells and extract organelle number and organelle sizes from each simulated cell (Fig. S1).
Inspired by physiologically-relevant cases, we focused the simulations on three different regimes
of number changing dynamics: in the late Golgi (Bevis 2002, Rossanese 1999) and lipid droplet
(Pol 2014, Wilfling 2014, Walther 2017) relevant case in which number dynamics are governed
by de novo synthesis and first order decay (Fig. 1B), in the peroxisome relevant limit of when
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organelle numbers change through de novo synthesis, first order decay, and fission (Hoepfner
2005, van der Zand 2012, Motley and Hettema 2007, Fig. 1C), and lastly in the mitochondria
relevant limit of when the abundance of organelles changes solely through fission and fusion (Diaz
2008, Fig. 1D). For each number changing regime we see that the correlation between organelle
number and average organelle size is diagnostic for whether organelles grow at a constant rate or
are constrained by either negative feedback or a limiting pool of building blocks. Most importantly,
in the limiting pool limit we observe a negative correlation between organelle number and average
organelle size in both de novo synthesis and fission dominated organelle number controlling
regimes; these correlations are robust to variations in the detailed parameters used in the simulation
(Fig. S2). This contrasts with the constant growth regime, in which average organelle size is
constant in simulated cells with different organelle numbers when organelles are made de novo.
Intuitively, this is because in the constant growth regime with de novo synthesized organelles, the
organelles within a given cell grow independently of each other and each attain a steady state size
set only by the rates of assembly and disassembly irrespective of how many other organelles are
in that given cell. Finally, we note that in the case of fission and fusion dominated organelle
numbers, the constant growth and limiting pool limits both reduce to the same picture as the fission
and fusion processes conserve biomass, leading to an inherent tradeoff between organelle number
and size. The model thus leaves us well positioned to use experimental data to infer which growth
limit describes a given organelle.
To experimentally measure joint organelle number versus size distributions so as to infer organelle
growth rules with our model, we analyzed the endogenous stochastic fluctuations in organelle
numbers and sizes in the budding yeast Saccharomyces cerevisiae. To visualize the various
organelles we examine, we fuse the fluorescent protein monomeric Kusibara Orange2 (mKO2) to
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organelle membrane resident proteins (Fig. S3). We obtain joint single cell average organelle size
versus organelle number probability distributions of fluorescently labelled late Golgi (labelled with
Sec7-mKO2; Fig. S4), lipid droplets (Erg6-mKO2; Fig. S5), peroxisomes (Pex3-mKO2; Fig. S6),
and mitochondria (Tom70-mKO2; Fig. S7). From these joint distributions we plot the average
organelle size as a function of organelle number. For each of the organelles we examine, we
observe a significant negative correlation between organelle number and average organelle size
(Fig. 1E-1H). In the case of late Golgi and lipid droplets, which we expect are dominated by de
novo synthesis, the negative correlation is inconsistent with the constant growth and negative
feedback limits of the general stochastic growth model. In the case of the mitochondria, whose
copy numbers are a result of fission and fusion, the observed negative correlation is inconsistent
with negative feedback. In the case of the peroxisome, the negative correlation is consistent with
both constant growth with fission and the limiting pool limits. In order to distinguish between these
pictures, we note that reducing peroxisome fission should flatten the curve relating organelle size
to number if peroxisome growth occurs in the constant growth limit while it should remain
negatively correlated in the limiting pool limit. We genetically deleted the peroxisome fission
factors DNM1, FIS1, and VPS1 (Kuravi 2006, Mukherji 2014, Fig. S8A-C) and observe the
persistence of a negative correlation between average organelle size and organelle number. Our
measurements suggest that the sizes of the four organelles under study are all constrained by a
limiting pool of building blocks.
Cells exhibit robust average intracellular variability in organelle size
Among the most attractive hypotheses arguing for the utility of the limiting pool model of
organelle growth is that it achieves a stable organelle size in the absence of feedback. However, it
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has been shown theoretically that growing multiple organelles from a limiting pool of building
blocks can lead to remarkably severe size fluctuations between organelles within the same cell
(Mohapatra 2017, Fai 2019), potentially impairing cellular-scale physiological function. To
quantify how intracellular fluctuations in organelle size behave in our model, we plot the average
coefficient of variation (CV) in organelle size as a function of organelle size. In order to compare
our results to previous theoretical studies and to collect coefficients of variations from cells whose
average organelle sizes are expected to be drawn from distributions with the same mean, we
average over cells with equal numbers of organelles. We focus on cells simulated in the limiting
pool limit of the model. As expected for a Poisson-type process, we observe that for decreasing
organelle size (which corresponds to increasing organelle number) the intracellular organelle size
CV increases. This suggests that cells face a fundamental tradeoff in their ability to achieve
organelle size homeostasis. We then use our experimental joint distributions of organelle number
and size for the late Golgi, lipid droplets, mitochondria, and peroxisomes to directly measure the
CV of organelle sizes within single cells (Fig. 1I-L, Fig. S9, S10). Contrary to our theoretical
expectation (Fig. 1I-L, insets), we see that the average intracellular CV of the late Golgi, lipid
droplets and peroxisomes remain constant with varying average organelle size. In order to verify
that measurement error cannot quantitatively account for an inability to detect changes in average
intracellular CV, we carried out a Bayesian error analysis to estimate 95% confidence intervals of
the sizes of each individual organelle in our dataset (Fig. S11; Hobson and McLachlan 2003),
which typically resulted in ~10% estimated errors. We then propagated the size error estimate for
each organelle in each cell to an estimated CV error and ultimately to an estimated average CV
error (Fig. 1I-L, grey shaded region, grey points). Furthermore, we reproduced these average
intracellular CV profiles using multiple imaging modalities, including super-resolution radial
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fluctuation (SRRF) imaging (Gustafsson 2016, Fig. S12), and with multiple organelle markers,
including alternative fluorescently labeled organelle-resident proteins and dyes that localize to
specific organelle membranes (Fig. S13). Thus we conclude that, despite organelles changing in
size by 2-fold, cells are able to robustly maintain proportionality in the fluctuations in sizes to
within a factor of 0.5 (peroxisomes) to 0.6 (late Golgi and lipid droplets) of the mean organelle
size, thereby avoiding a rise in intracellular fluctuations when the mean organelle size shrinks.
Only the average intracellular CV of mitochondria appears to increase when the cell creates more,
smaller copies of this organelle.
Burst-like organelle growth model derived to explain robust organelle size control unifies
description of endomembrane organelle size statistics.
To address the discrepancy between the noise profile resulting from our model versus the noise
profile of organelles observed experimentally, we consider a fundamental revision to how
organelle growth proceeds in our mathematical framework. In particular, we sought models that
would allow for independent regulation of growth timing and growth magnitudes that would allow
fluctuations to not depend strictly on mean organelle size. Building on previous observations that
subcellular structures can grow from bursts of random sizes of building blocks (Ludington 2013)
we constructed a model in which organelles grow from a limiting pool of building blocks in
exponentially distributed bursts of random size characterized by an average size β that occur at
random times characterized by a burst frequency α (Fig. 2A), similar to previous models of
transcriptional bursting (Friedman 2006). In the model, to implement the limiting pool constraint
we make the average burst size β proportional to the free pool of building blocks available for
organelle growth. We then proceeded to solve this model for the steady state organelle size
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distribution. If the limiting pool of building blocks is not exhausted and allows organelle sizes to
fluctuate independently of each other, and if copy number changes are slow compared to size
changes, then the resulting steady state organelle size distribution from cells that contain a defined
number of organelles can be solved analytically and follows a gamma distribution (Friedman
2006). Each steady state gamma distribution corresponding to a subpopulation of cells with
defined organelle number has a mean size αβ (Fig. 2B), where β is the steady state average burst
size. In our analytical treatment of the model, β, being dependent on the steady state size of the
free pool of building blocks, is expected to change from subpopulations of cells with different
organelle number. Crucially, however, one can show that for gamma distributions the CV = 1/√α.
This allows the cell to decouple the average fluctuations in intracellular organelle size from the
mean organelle size (Fig. 2C) as we observe experimentally in the cases of the Golgi apparatus,
lipid droplets, and peroxisomes but not the mitochondria, allowing robust tuning of organelle sizes
if they are modulated by changes in β but not α.
Intuitively, the differential effect from burst size versus burst frequency regulation can be seen by
imagining two different paths to shrinking organelle size. In one scenario, imagine allowing bursts
to occur at the same times between the larger and smaller organelle sizes, but reducing the burst
size between the scenarios. In this scenario, the fluctuation magnitudes would scale with the
average size, leaving the CV the same. In the other scenario imagine allowing bursts to occur less
frequently but keeping the burst sizes the same between the larger and smaller organelle sizes. In
this scenario the fluctuations remain as large for the smaller size organelle as the larger size
organelle, therefore the CV increases. We tested a variety of alternative models, such as including
size-dependent decay or fission, but each alternative we tested failed to reproduce either the pattern
seen in the dependence of average organelle size on organelle number or, more typically, the

14

invariance of average intracellular CV with average organelle size (Supplementary Information;
Fig. S14), except in the case of mitochondria, whose size statistics are well described by both sizedependent and size-independent fission rates (Fig. S14A,B).
The model predicts that if the pool of building blocks is not depleted, we should observe two types
of data collapses upon rescaling organelle sizes (Fig. 2D, Fig. S15A-G) in the cases of the Golgi
apparatus, lipid droplets and peroxisomes. First, since the model holds that organelle sizes change
only through modulation of burst sizes, rescaling organelle sizes by their corresponding burst sizes
should collapse them onto unifying gamma distributions specific to each organelle. Second, by
further rescaling these organelle-specific size distributions by their organelle-specific burst
frequencies, our whole collection of late Golgi, lipid droplet, and peroxisome sizes should collapse
onto the universal curve f(s) = e-s/s, where s is the dimensionless rescaled organelle size (STAR
Methods).
To test our predictions from the burst-like organelle growth model we first construct a measure of
pool depletion. To measure pool depletion, we measure the total volume of all copies of a given
organelle in each cell, and assume all cells have roughly equal amounts of the limiting pool.
Plotting the total organelle volume as a function of organelle number, if the total volume increases
linearly with the number of organelles, we conclude that the pool has not depleted. However, if at
higher organelle numbers the total organelle volume plateaus then we conclude that the limiting
pool has depleted. We plot the total organelle volume versus organelle number for late Golgi, lipid
droplet, and peroxisomes (Fig. 2E-G, insets). We observe that while each organelle appears to
grow from a limiting pool, the pool of building blocks does not appear to deplete.
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To test our prediction that modulation of burst size alone can explain changes in organelle sizes,
we first use our experimental data to obtain burst size values for each late Golgi, peroxisome, and
lipid droplet size distribution. Mathematically, the burst size is the product of the mean organelle
size and the square of the average intracellular CV, both of which we measure experimentally. We
then rescale late Golgi, peroxisome, and lipid droplet sizes by their experimentally inferred burst
sizes and plot the resulting rescaled size distribution. We see that late Golgi, lipid droplet, and
peroxisome sizes collapse onto single gamma distributions (Fig. 2E-G). Further rescaling the
organelle-specific rescaled size histograms by their experimentally calculated burst frequencies α,
we see that despite the starkly different molecular mechanisms by which their sizes are controlled,
late Golgi, lipid droplet, and peroxisome size distributions further collapse onto the single
theoretically predicted universal curve f(s) = e-s/s (Fig. 2H). This fitting parameter-free data
collapse strongly suggests that our mathematical model of organelle biogenesis has captured an
essential, unifying feature of endomembrane organelle growth regulation.
Depletion of the limiting pool of building blocks breaks robust organelle size control
According to our model, sufficient capacity in the limiting pool of building blocks allows
organelles to grow and fluctuate in size independently of each other and allow for robust
intracellular size control. Our model also predicts, however, that if the available amount of building
blocks for growth depletes enough to be similar to the typical burst size (Fig. 3A,B) then
intracellular organelle size fluctuations will become anti-correlated. Anti-correlated fluctuations,
in turn, will lead to a rise in the average intracellular CV as shown in our simulation results (Fig.
3C).
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To test our prediction that organelle growth from a limiting pool with no spare capacity leads to
an elevated intracellular CV, we examine the case of mitochondria, whose sizes are a balance
between biomass conserving fission and fusion. We plot total organelle volume vs. organelle
number for mitochondria and observe a flat line (Fig. S16A), consistent with the idea that cells
largely rearrange an existing a fixed pool of mitochondrial biomass when changing mitochondrial
number through fission and fusion. The resulting organelle size distributions are consistent with
our model (Fig. S16C-I) and with our observation of an increasing intracellular CV with decreasing
mitochondria size (Fig. 1L).
Next, we test our prediction that downregulating size growth bursts will increase average
intracellular size fluctuations. We reason that inhibiting Golgi vesicular traffic could reduce large
bursts of size changes, leading to a narrower distribution of burst sizes that would mimic
deterministic growth steps, or reduce the burst frequency. Both changes would lead to depletion
of the available supply of building blocks and a predicted increased average intracellular Golgi
CV. To test this idea, we analyze the late Golgi in cells lacking the vesicular traffic regulator ARF1
(Bhave 2014). We observe, in agreement with our hypothesis, that upon deletion of ARF1 the
average intracellular Golgi size CV increases as the average Golgi size decreases (Fig. 3D,E).
Moreover, we observe a concomitant increase in cell size variability upon increased Golgi size
variability (Fig. S17).
Finally, to test our prediction that pool depletion leads to an elevated intracellular organelle size
CV, we turn to lipid droplets and peroxisomes. Lipid droplets and peroxisomes are dynamic
organelles whose sizes and copy numbers increase upon cellular exposure to long chain fatty acidrich environments (Wilfling 2014, Walther 2017, Mast 2010). We hypothesized that culturing cells
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in an oleic acid rich environment could expose capacity constraints in lipid droplet and peroxisome
biogenesis given our previous observation that these organelles appear to grow from a limiting
pool of building blocks. To facilitate image analysis, we imaged lipid droplets and peroxisomes
with spinning disc confocal microscopy, using strains bearing lipid droplets fluorescently labeled
with Erg6 fused to monomeric red fluorescent protein (Erg6-mRFP) and peroxisomes
fluorescently labeled with yeast enhanced monomeric Citrine fused to the peroxisome targeting
signal 1 (yemCitrine-PTS1; Mukherji and O’Shea 2014). We observe that when grown in glucose,
neither lipid droplets nor peroxisomes deplete the limiting pool of building blocks, however, when
grown in medium rich in oleic acid, total organelle volume increases and, though to a lesser extent
in peroxisomes, plateaus (Fig. 3F,H), suggesting that the pool has depleted. Concomitantly, we
observe that the lipid droplet and peroxisome average intracellular organelle size CV increases
with decreasing mean organelle size (Fig. 3G,I). Importantly, we observe the elevation of the
average intracellular peroxisome size CV in oleic acid even upon deletion of the primary
peroxisome fission factor VPS1, (Fig. 3I) suggesting that capacity constraints from the limiting
pool of building blocks, and not elevated fission, are responsible for the increased noise in
peroxisome sizes.
Pattern of organelle size robustness is conserved to human induced pluripotent stem cells
To establish the evolutionary conservation of our observed pattern of robustness in organelle size,
we leveraged single cell imaging data from human induced pluripotent stem cells (iPSC) whose
Golgi apparatus and mitochondria are labelled available from the Allen Cell Atlas (Roberts 2017).
With single cell organelle size distributions from populations of iPSCs, we are able to construct
datasets of both average organelle size versus organelle number and the average intracellular
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organelle size CV as we have done for budding yeast. Both the Golgi apparatus and mitochondria
yield negative sloping average organelle size versus organelle number curves consistent with a
limiting pool model constraining their growth (Fig. 4A,C). Most significantly, we observe that the
average intracellular organelle size CV exhibits the same pattern in human iPSCs as seen for
budding yeast: a robust, invariant organelle size CV as a function of average organelle size for the
Golgi (Fig. 4B) and a sensitive, inverse correlation between organelle size CV and average
organelle size for the mitochondria (Fig. 4D).
DISCUSSION
In order to explain our observed invariance of average organelle size fluctuations to changing mean
organelle size, we propose a model in which organelle growth proceeds in a burst-like fashion
from a limiting pool of building blocks. The pattern of organelle size robustness is shared between
budding yeast and human iPS cells. The underlying molecular mechanisms producing these bursts
are yet to be fully elucidated and are likely to be organelle-specific and potentially species-specific:
Golgi size, for example, is likely influenced by both small increases in size from non-vesicular
traffic as well as the sudden, large increases in size from vesicle fusion as we have shown here,
while lipid droplet size bursts may result from burst-like expression of genes such as those
encoding neutral lipid synthesis enzymes. However, the size statistics of a diverse array of
organelles appear to be well described by a single unifying model that can be used to interpret
future studies on the mechanistic underpinnings of organelle size control and a basis for more
sophisticated modeling efforts to more accurately capture details suppressed here (Craven 2016,
Choubey 2019, Banerjee and Banerjee 2020, Patra and Chowdhury 2021) as well as comparison
to universal growth phenomena in seemingly unrelated biological systems (Iyer-Biswas 2014).
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More generally, the robust organelle size control we observe here may play a significant role in
cellular homeostasis and aid in efforts to engineer organelle size to rationally control cellular
metabolism. Decoupling of average intracellular organelle size variability from average organelle
size in principle allows the organelles within the cell to be functionally interchangeable with each
other, avoiding fluctuations in phenotype that could arise from variability from one organelle to
another within the same cell arising solely due to increased number of that organelle. Establishing
the limits of the ability of the cell to control size fluctuations, which we illustrated in the case of
Golgi, peroxisomes and lipid droplets and complementary work in flagellar length control in
Chlamydomonas reinhardtii showing a coupling between flagellar length and length fluctuations
(Bauer 2021), may provide important clues for how to design organelles to control cellular
phenotypes. Future work in this vein will be greatly enhanced through the use of dynamic data
(Bauer 2021), building on the steady-state analysis we present here, which will allow us to
differentiate whether the intracellular heterogeneity we observe represents a situation in which
each cell dynamically samples a common organelle size and number distribution or whether the
heterogeneity represents an individual property of each cell and leads to persistent, potentially
physiologically driving, differences between genetically identical cells. Our results point to the
potentially general principle that that robust size control can, remarkably, be the result of random
burst-like assembly of subcellular structures.
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METHODS

Experimental methods
Strains
Saccharomyces cerevisiae strain BY4742 was obtained as a kind gift from H. Zaher. Cells were
transformed by standard lithium acetate methods to fluorescently labelled indicated organelles
with monomeric Kusibara Orange 2 (mKO2) obtained from Addgene (Cambridge, MA).
Peroxisomes in strains engineered with deletions of DNM1, FIS1, and VPS1 were visualized as in
Ref. 1.
Culture conditions
For glucose medium, strains were grown to mid-log phase at 30◦C in standard synthetic medium
containing 2% glucose and subsequently imaged. For oleic acid medium, strains were grown to
mid-log phase at 30◦C in standard synthetic medium containing 2% glucose, washed twice, and
resuspended in medium containing 0.3% yeast extract, 0.6% peptone, 0.1% glucose, 0.1%
Tween40, and 0.2% oleic acid, cultured for 20 hours in the oleic acid rich medium, and
subsequently imaged.
Imaging Conditions
Widefield imaging: Wildtype strains were imaged with a Nikon Ti2 microscope equipped with a
CFI60 Plan Apochromat Lambda 100x 1.45 N.A. DIC oil immersion lens using a Hamamatsu
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Orca Flash v3 with Camera Link scientific CMOS camera with standard TRITC emission and
excitation filter cubes. The exposure time for the samples ranged from 50 - 250ms.
Spinning disc confocal imaging: Strains were imaged as in Ref. 1. Briefly, a Yokugawa spinning
disc head was mounted to a Nikon Ti-E inverted microscope and cells were imaged with a 514nm
or 561nm laser and detected with a Hammamatsu Cascade EMCCD camera. Data from analyzed
images from this dataset are presented in Fig. 3G,H. Strains engineered with deletions of DNM1,
FIS1, and VPS1 were imaged as in Ref. 1.
Super-resolution radial fluctuation (SRRF) imaging: Wildtype strains were imaged as in our
conventional widefield imaging setup outlined above, with the modification of using the Camera
Link feature to enable acquisition of 33ms exposures at framerate of 30Hz for each Z slice.
Laser scanning confocal imaging: Wildtype strains were illuminated and imaged using a Nikon
A1-HD scan head through a 60x Apo 1.40 N.A. lens and a 561nm solid state laser onto a GaAsP
detector. Laser was operated at 5% power with a pixel dwell time of 4.61µs.
Image Processing
Custom MATLAB code was written to segment, filter, binarize, and compute sizes of all
organelles. Two levels of segmentation were performed, one to identify individual cells in fields
of view and one to identify individual organelles within individual cells.
Cellular segmentation was semi-automated and varied between datasets. For the confocal images,
segmentation was performed by hand with ImageJ. For the camera images, whether performed in
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widefield or SRRF mode, cell segmentation was performed by labeling the cellular cytoplasm with
YFP, whose image was binarized to identify those pixels belonging to each cell.
For each imaging modality, following cell segmentation, 3D images of organelles were extracted
from the field of view to be measured individually and deconvolved (Fig. S3-7). Two thresholding
processes were used, dependent upon the morphology of the organelle. For the globular structures
(lipid droplets, peroxisome, and Golgi) the filtering began with a weak Gaussian blur followed by
taking the Laplacian of the image. Ultimately, the threshold for binarization was picked by hand
and confirmed by eye and validated using our Bayesian organelle size error analysis pipeline. For
the tubular structures (mitochondria) we used the Hessian based “Frangi Vesselness” filter
(available on mathworks.com); the threshold was again picked by hand and confirmed by eye and
validated using our Bayesian organelle size analysis pipeline. The mitochondrial image analysis
was further validated with comparison to MitoGraph (Fig. S17). After applying the filters
corresponding to the given structure’s morphology (globular or tubular), the organelle images from
each cell are binarized one z-slice at a time (Fig. 1B). Z-slices are then reconstructed to form a 3D
image of the cell and built-in MATLAB functions are used to identify individual organelles and
count their voxels (Fig. S3-7).
To test the robustness of the analysis pipeline to choice of threshold, we perform three analyses.
First we sweep over wide swaths of threshold parameter space and for each threshold parameter
choice we calculate the measured average intracellular CVs for a population of the given organelle
type (Fig. S9, S10). We observe that the calculated average intracellular CV’s typically change
by less than 10% upon changes of thresholding parameters by 50%.
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Second, we observe no correlation between the average pixel intensity of a given organelle and its
size, eliminating a possible source of artefactual size variation due to differences in fluorescent
protein concentration (Fig. S19).
Finally, to test that our spatial resolution following deconvolution was sufficient to detect variation
in organelle size and not be truncated by diffraction, we measured the fraction of organelles in our
dataset that were indistinguishable in size from a diffraction limiting, 100nm Tetraspeck bead
(Thermo Fisher T7279), whose image data was processed in the same way outlined in
Supplementary Fig. 6, with the modification of being carried out without the cell segmentation
step. For the images collected with a camera, we report the proportion of organelles from all cells
that fall at the diffraction limit (Fig. S20). In the vast majority of cases, this proportion is below
10% (Fig. S20, numbers above individual violin plots).
Bayesian organelle size error analysis
We began our error analysis by quantifying the estimated errors in our organelle size
measurements. We did this by computing the likelihood of observing our raw pixel intensity data,
D, given a model of what pixels are associated to the organelle, s(a); intensities . We sampled
~2000 such models for each individual organelle; these models were generated by taking the pixels
associated to the organelle as determined by our image analysis thresholding and randomly
associating or disassociating pixels to or from the organelle. We then compute the likelihood of
the data given the test model. If the test model accurately describes the organelle data, then
subtracting the model pixel intensities from the data leaves behind the residual Gaussian
distributed noise in the pixel intensities from the camera alone. We therefore use a Gaussian
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likelihood function where D and s(a) are converted into vectors of values of pixel intensities and
subtracted point-by-point:
𝑝(D|s(a)) = 𝑒 (-(D-s(a)) N (D-s(a))

!)

where N is the covariance matrix of the background noise, which in our case is approximately
diagonal, whose elements are similar in magnitude to each other, and thus contributes only a
constant scale to the likelihood. We assume that all the models are equally likely a priori. Therefore
our sampling procedure and application of Bayes’ theorem amounts to constructing a posterior
probability distribution for the sets of pixels that should be included as part of the organelle. The
peak of this posterior distribution is the maximum likelihood estimate of the size of the organelle
and coincides strongly with our threshold result. We use the 95% of sizes closest to the maximum
likelihood estimated size as our estimate of the organelle size measurement error (Fig. S11).
We observe that the star data point depicting the CV of the Tetraspeck bead sizes is approximately
equal in magnitude to the error in the CV of organelle sizes due to measurement errors in organelle
size. We interpret this to mean that the errors in the measured CV of organelle sizes is close to the
intrinsic limits we can achieve with our instruments and analyses and not elevated by additional
difficulties from imaging organelles instead of beads. The magnitude of this error is much smaller
than the measured average intracellular organelle size CV, from which we conclude that the
measured organelle CV’s are not dominated by measurement noise.
Mathematical and computational methods
Mathematical framework for growth with deterministic step sizes
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In our mathematical framework (Fig. 1A), solve for the dynamics of the probability of a state of
organelles in a single cell that undergo the following changes:
I. De novo synthesis of organelles from a given source of constituents within the cell with a
constant rate kdenovo

II. Decay of organelles due to inheritance, maturation, autophagy, etc. at a rate γ per organelle per
time:

III. Creation of two organelles from a single organelle through fission at a rate kfission per organelle
per time:

IV. Creation of a single organelle through the fusion of two organelles at a rate kfusion per organelle
per squared time:

V. Organelle size growth at a rate rgrowth per time:
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VI. Organelle size decay at a rate kdecay per number of organelle constituents (size s) per time:

We initially assume that organelles grow in deterministic increments (packet sizes). In all three
limits, we assume that the rates of decay, fission, fusion, and shrinking are Nγ, Nkfission, N(N
−1)kfusion, and Sikshrink respectively, in which N is the number of organelles and Si is the size of the
ith organelle and S’ refers to the size of each organelle in the new probability state. In the case of
constant growth, we assume that the growth and de novo synthesis rates are equal to their rate
constants respectively (i.e., rdenovo = kdenovo and rgrow = kgrow). In the negative feedback model, we
assume that the de novo synthesis rate is equal to its rate constants, however the growth rate is
constrained by a feedback term

in which target size =

#"#$%&'
#()*+,

and h is the Hill coefficient. Lastly, in the kdecay limiting pool model

we characterize the rate for de novo synthesis and organelle growth as Rdenovo = kdenovoNpool and
Rgrow = kgrowNpool respectively, in which Npool is the free pool available for the organelles.
Additionally, we assume that the pool is replenished by the process of organelle decay and
shrinking.
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In Fig. S1A-F we plot the trajectories of a single cell reaching steady-state for the three limits of
our framework, in a regime where the abundance of organelles change through de novo synthesis,
fission, and first order decay, and in a regime in which organelle abundance changes solely through
fission and fusion.
To obtain additional insight about the three limits of our model, we sweep through a large
parameter space and simulate 1000 cells. From each simulation we obtain the slope of the plot of
average organelle sizes vs. organelle abundance. Finally, we plot the histogram of the recorded
slopes by increasing fission rate (purple represents a fission rate of zero and red represents the
highest fission rate in our simulations). Comparing the slope histograms, we observe a zero slope
for almost all parameter sets in the negative feedback model and a negative slope for all parameter
sets used to simulate the limiting pool model. However, we notice that in the constant growth
model, the slopes become increasingly negative as fission rates increase (Fig. S2G-2I). We
implement this information to learn about peroxisomal growth. In wildtype yeast, we consider
peroxisomes to undergo de novo synthesis, fission, and first order decay. Our measurement of the
wildtype data results in a negative correlation between average size and abundance of peroxisomes
(Fig. 1). However, this can only help us rule out the negative feedback control model, as we expect
a negative correlation between number and average organelle size at high fission rates in the
constant growth model. In order to determine the correct model to describe peroxisomes, we
engineered strains of yeast with their peroxisomal fission factors deleted, while grown in medium
rich in long chains of fatty acid. Peroxisomes undergo fission when grown in oleic acid. We
observe that even in the strain with the VPS1 gene deleted (VPS1 being the quantitatively most
significant of all fission factor deletes, Ref. 1), the correlation between the abundance and average
peroxisome size is still negative in Fig. S6. This argues against constant growth as the underlying
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mechanism for peroxisomal growth, suggesting that peroxisomes grow from a limiting pool of
building blocks.
Mathematical framework for growth with burst-like step sizes
In the revised mathematical framework describing burst-like steps of organelle growth, the number
changing processes (Equations I-IV above) and the organelle shrink process (Equation VI above)
from the initial model remain unchanged. The growth process has two modifications: first the rate
of growth is given as a constant “burst frequency” parametrized by α, second the growth increment
is itself a random quantity described by an exponential distribution parametrized by a “burst size”
β. As shown by Friedman et al. (Ref. 2), the steady state distribution of organelle sizes resulting
from these stochastic processes, assuming that the number dynamics are slow compared to the size
dynamics, is a gamma distribution:

In the model, we note the burst size itself varies according to how much free pool of building
blocks is available for growth - namely β = β0Npool – but small compared to the pool. In steady
state, Npool achieves a steady state size and as a result β reflects this steady state pool size.
Intuitively, therefore, an increased number of organelles will lead to a smaller average organelle
size as the fraction of building blocks held in organelles and away from the pool is greater, thereby
reducing the burst size. The coefficient of variation, defined as the standard deviation of the
organelle size distribution p(S) divided by the mean organelle size, corresponding to the above
gamma distribution is 1/√𝛼.
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In order to collapse the data onto organelle-specific gamma distributions, we can rescale the
organelle sizes by their corresponding burst sizes. We define a new random variable

Then by the chain rule:

where each organelle-specific gamma distribution is parametrized by its organelle-specific burst
frequency alpha. In order to further collapse all organelle data onto a universal master curve, we
$
can rescale p(S' ) by multiplying by a factor of Γ(𝛼)/S' to remove any dependence of the right-

hand size on α. The resulting scaling relationship is the dimensionless curve plotted in Fig. 2H:

We subsequently simulated the bursty model using the Gillespie algorithm in a similar fashion for
the deterministic growth step model detailed above in order to test the effect of organelle growth
occurring in growth steps typically larger than the amount of free pool of building blocks available
for growth (the “exhausted pool” regime diagrammed in Fig. 3A). The comparison of this regime
with the “non-exhausted pool” regime was carried out for 500 simulated cells and the results are
shown in Fig. 3C.
Figure schematics
Figure schematics in Fig. 2A and Fig. 3A were performed using images from BioRender.
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Fig. 1: A) Schematic of mathematical framework. De novo synthesis of organelles, fission, fusion,
organelle growth, shrink, and organelle decay occur at rate constants kdenovo, kfission, kfusion, kgrow,
kshrink, and γ respectively. Mean organelle sizes vs. number of organelles from 1000 simulated cells
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at steady state in a regime where organelle abundances change through B) de novo synthesis and
first order decay (motivated by Golgi apparatus and lipid droplets), C) de novo synthesis, fission,
and first order decay (motivated by peroxisomes), and D) fission and fusion (motivated by
mitochondria). The red, green, and blue dots correspond to the constant growth, negative feedback,
and limiting pool regime of our model. Experimental measurements of mean organelle size vs.
number of organelles for fluorescently labelled E) Golgi body, F) lipid droplets, G) peroxisomes,
and H) mitochondria. Mean organelle sizes are normalized to largest organelle size in each dataset.
Average intracellular coefficient of variation (CV) of organelle sizes for I) late Golgi, J) lipid
droplets, K) peroxisomes, and L) mitochondria; insets represent the predicted CV from our limiting
pool model, the grey datapoints correspond to the estimated error in measured average intracellular
organelle size CV due to errors in organelle size estimates, the grey shaded region corresponds to
the average value of the grey datapoints, and the blue stars correspond to the measured CV of
diffraction-limited fluorescently labelled 100nm Tetraspeck microspheres.
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Fig. 2: A) Schematic depicting model of burst-like growth in organelle size in the limit of large
number available of building blocks for organelle growth compared to the typical size of growth
bursts. B) Organelle size distributions predicted from burst-like organelle growth model under
either modulation of burst frequency (purple histograms) or burst size (orange histograms). C)
Organelle size fluctuations as a function of mean organelle size under burst frequency (purple
curve) or burst size (orange curve) modulation. D) Histograms of experimentally measured late
Golgi, lipid droplet, and peroxisome sizes. Units in x axis are in voxels. E) Histograms of late
Golgi, F) lipid droplet, and G) peroxisome sizes from (D) rescaled by their experimentally derived
organelle-specific burst sizes β; units on x-axis of E-G are voxels rescaled by inferred burst size.
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H) Histogram of organelle size distributions rescaled by both experimentally derived organellespecific burst sizes β and burst frequencies α; black curve is the theoretically predicted scaling
relationship from the model, f(s) = e-s/s. Units on x-axis are nondimensionalized organelle sizes.
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Fig. 3: A) Schematic depicting model of burst-like growth in organelle size in the limit of a similar
number of available building blocks for organelle growth compared to the typical size of growth
bursts. B) Theoretical prediction of total organelle size V as a function of the number of organelles
in the limits where the pool is exhausted (pink line) versus non-exhausted (maroon line) C)
Average intracellular CV of organelle sizes versus average normalized organelle sizes in 500
simulated cells from the burst-like model, when pool is not depleted versus when pool is depleted.
Total organelle size D) and E) average intracellular size CV of late Golgi from populations of
wildtype (maroon) and 𝛥ARF1 (purple) cells. F) Total organelle size and G) average intracellular
size CV of lipid droplets marked with Erg6-mRFP from populations of wildtype cells grown in
glucose (maroon) and in medium with 0.2% oleic acid (pink). H) Total organelle size and I)
average intracellular size CV of peroxisomes marked with yemCitrine-PTS1 from populations of
wildtype cells grown in glucose (maroon) and of wildtype (pink) and 𝛥VPS1 (purple) cells grown
in medium with 0.2% oleic acid.
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Fig. 4: A) Average Golgi size versus number of Golgi from images of single induced pluripotent
stem cells taken from the Allen Cell Atlas. B) Average Golgi intracellular size CV versus average
Golgi size. C) Average mitochondrial size versus number of mitochondria from images of single
induced pluripotent stem cells taken from the Allen Cell Atlas. D) Average mitochondrial
intracellular size CV versus average mitochondrial size.
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FIGURE SUPPLEMENTS

A

B

C

D

E

F

Fig. S1: In the regime where organelle abundances change through de novo synthesis, fission and
first order decay A) trace of a simulated single cell in the limit of constant growth B) negative
feedback control, and C) limiting pool, from t=0 (circle) to steady-state (square). In the regime
where organelle abundances change through fission and fusion D) trace of a simulated single cell
in the limit of constant growth E) negative feedback control, and F) limiting pool, from t=0 (circle)
to steady-state (square).
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Fig. S2: Histograms of slopes relating average simulated organelle size and organelle number
obtained from sweeping through a large parameter space from kfission = 0 to high fission rates for
A) the constant growth, B) negative feedback, and C) limiting pool model.
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Fig. S3: A) After semi-automated segmentation, individual cells containing fluorescently labeled
Golgi are extracted from a given field of view B) After deconvolving the images and applying
filters corresponding to the given structure’s morphology (globular in the case of Golgi, lipid
droplets and peroxisomes, or tubular in the case of mitochondria), each cell is binarized one z-slice
at a time. D) Z-slices are then reconstructed to form a 3D image of the cell and built-in MATLAB
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functions are used to identify individual organelles and count their voxels. The procedure depicted
in A-D is carried out for E) lipid droplets, F) peroxisomes, and G) mitochondria.
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Fig. S4: Violin plots depicting average organelle size versus organelle number single cell joint
probability distributions for Golgi apparatus labeled by Sec7-mKO2. Exemplary cells are depicted
below in voxel (middle row) and Z series (bottom row) formats.

Fig. S5: Violin plots depicting average organelle size versus organelle number single cell joint
probability distributions for lipid droplets labeled by Erg6-mKO2. Exemplary cells are depicted
below in voxel (middle row) and Z series (bottom row) formats.
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Fig. S6: Violin plots depicting average organelle size versus organelle number single cell joint
probability distributions for peroxisomes labeled by Pex3-mKO2. Exemplary cells are depicted
below in voxel (middle row) and Z series (bottom row) formats.
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Fig. S7: Violin plots depicting average organelle size versus organelle number single cell joint
probability distributions for mitochondria labeled by Tom70-mKO2. Exemplary cells are depicted
below in voxel (middle row) and Z series (bottom row) formats.
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Fig. S8: Average of mean peroxisome sizes as a function of peroxisome number in strains grown
in medium rich in oleic acid with their peroxisomal fission factors A) DNM1 , B) FIS1 , and C)
VPS1 deleted.
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Fig. S9: Voxel representations and heatmaps of example segmented Golgi apparatus as a function
of image analysis parameters sigma (Gaussian blur radius) and the threshold pixel intensity used.
A-D) Voxels corresponding to the Golgi apparatus from an example cell containing one Golgi
apparatus, analyzed with parameters depicted in the heatmap shown in E. E) Heatmap of average
organelle sizes as a function of image analysis parameters, normalized to the size reported in Fig.
1. F-I) Voxels corresponding to the Golgi apparatus from an example cell containing six Golgi
apparatus copies, analyzed with parameters depicted in the heatmap shown in J. E, J, K) Heatmap
depicting average intracellular CV’s as a function of image analysis parameters normalized to the
CV values reported in Fig. 1. Asterisked voxel plots/heatmap values correspond to the analysis
used in the manuscript.
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Fig. S10: Sensitivity analysis of measured average intracellular coefficient of variation to choice
of threshold. Threshold 1 is the threshold used for image analysis whose results are presented in
Fig. 1, 2, and 3. Threshold 2 is a 10% higher pixel intensity threshold. A) Tom70-mKO2, B) Sec7mKO2, C) Sec7-mKO2 ∆ARF1, D) Erg6-mKO2, E) Erg6-mKO2 (oleic acid), F) Pex3-mKO2, G)
Pex3-mKO2 (oleic acid), H) Pex3-mKO2 ∆VPS1
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Fig. S11: Example of organelle size likelihood analysis and its application to organelle size error
estimation. A) Example of deconvolved Golgi apparatus image (left). Example of output of image
analysis pipeline, which is treated as the base image from which we derive auxiliary augmented
images for likelihood testing (middle). Example of augmented image in which pixels at the
boundary of the segmented organelles have been randomly added or removed from the segmented
organelle (right). B) Voxel plot of Golgi segmented in A, middle. C) Distribution of likelihood
values from 2000 augmented images from each individual organelle. Maximum likelihood is the
trough of these likelihood distributions, result of organelle size estimate from thresholding is
shown as vertical colored bars (colors corresponding to voxelized organelles shown in B), and
95% of the likelihood distribution closest to the maximum likelihood estimate is shown in colored
dashed lines (colors corresponding to voxelized organelles shown in B). D) Likelihood distribution
depicted as a frequency count.
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Fig. S12: Organelle size statistics obtained with alternative imaging strategies A-D) Top row:
Average organelle sizes versus organelle number for Golgi apparatus (left), lipid droplets (middle
left), peroxisomes (middle right), and mitochondria (right) as measured with laser scanning
confocal imaging. Bottom row: Corresponding average intracellular organelle size CV versus
average organelle size for Golgi apparatus (left), lipid droplets (middle left), peroxisomes (middle
right), and mitochondria (right) as measured with laser scanning confocal imaging. E,F) Top row:
Average organelle sizes versus organelle number for Golgi apparatus (left) and mitochondria
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(right) as measured with spinning disc confocal imaging. Bottom row: Corresponding average
intracellular organelle size CV versus average organelle size for Golgi apparatus (left) and
mitochondria (right) as measured with spinning disc confocal imaging.G-I) Top row: Average
organelle sizes versus organelle number for Golgi apparatus (left), lipid droplets (middle), and
peroxisomes (right) as measured with superresolution radial fluctuation (SRRF) imaging. Bottom
row: Corresponding average intracellular organelle size CV versus average organelle size for
Golgi apparatus (left), lipid droplets (middle), and peroxisomes (right) as measured with
superresolution radial fluctuation (SRRF) imaging.
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Fig. S13 Organelle size statistics using alternative markers. Top row: Average organelle sizes
versus organelle number for Golgi apparatus labeled by ARF1-mKO2 (A), lipid droplets labeled
by Erg7-mKO2 (B) and BODIPY 493/503 (C), and peroxisomes labeled by mTagBFP2-PTS1 (D).
Bottom row: Corresponding average intracellular organelle size CV versus average organelle size
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for Golgi apparatus labeled by ARF1-mKO2 (A), lipid droplets labeled by Erg7-mKO2 (B) and
BODIPY 493/503 (C), and peroxisomes labeled by mTagBFP2-PTS1 (D).

Fig. S14 Mean organelle sizes vs. number of organelles and average intracellular CV vs. average
organelle size from 5000 simulated cells at steady state in a regime where the rate of organelle
fission is directly proportional to the size of organelles and growth occurs at a constant rate (A),
the growth rate is weighed by the pool size (B). A regime where the rate of organelle fusion is
directly proportional to the size of organelles and growth occurs at a constant rate (C), the growth
rate is weighed by the pool size (D). A regime where the rate of organelle fusion is inversely
proportional to the size of organelles, and growth occurs at a constant rate (E), the growth rate is
weighed by the pool size (F). A regime where the rate of organelle decay is inversely proportional
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to the size of organelles and growth occurs at a constant rate (G), the growth rate is weighed by
the pool size (H). In the models A-H, the growth steps are poissonian and occur from a limiting
pool of building blocks.
Mean organelle sizes vs. number of organelles and average intracellular CV vs. average organelle
size from 5000 simulated cells at steady state grown in exponentially distributed bursts from
varying pool sizes (I), and from randomly increasing pool sizes (J).
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Fig. S15. Single organelle size distributions and corresponding gamma distribution fits to the A)
late Golgi apparatus in Sec7-mKO2 strains, B) late Golgi in Sec7-mKO2 strain with ARF1 deleted,
C) lipid droplets in Erg6-mKO2 strains grown in glucose, and D) in medium rich in oleic acid, E)
peroxisomes in Pex3-mKO2 strains grown in glucose, F) in medium rich in oleic acid, and G)
strain with VPS1 deleted and grown in medium rich in oleic acid.
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Fig. S16. Total organelle volume vs. number of organelles plot of A) mitochondria (red) and B)
result of bursty model (blue) with organelle numbers changing through fission and fusion. C-N)
distribution of mitochondria (red) and simulated organelles (blue) sizes from subpopulations of
cells with defined mitochondrial copy numbers.
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Fig. S17. Comparison of cell size coefficient of variation in the wildtype strain versus a strain
carrying a deletion of ARF1, which exhibits an increased average intracellular coefficient of
variation in late Golgi sizes. Cells were binned into 3 quantiles according to their average late
Golgi size, their sizes were estimated using their area as measured by a YFP fluorescent marker
for their cytoplasm, and the CV was computed from the resulting cell size distributions.
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Fig. S18: Comparison of mitochondrial segmentation used for analysis presented in Fig 1 and
MitoGraph for two example cells. A,D) Z stacks of example mitochondria from 2 representative
cells. B,E) Voxelized mitochondria from the example cells produced by image analysis whose
results are depicted in Fig. 1. C,F) Corresponding voxelized mitochondria produced by MitoGraph
analysis.
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Fig. S19. Scatter plots of average fluorescent pixel intensity as a function of organelle size
estimates and corresponding R2 values of regression lines through these data for A) late Golgi
labelled by Sec7-mKO2, B) lipid droplets labelled by Erg6-mKO2, C) lipid droplets labelled by
BODIPY 493/503, D) peroxisomes labeled by Pex3-mKO2, E) mitochondria labeled by Tom70mKO2.
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Fig. S20. Proportion of organelles fall at the diffraction limit (computed by measuring the size of
a diffraction-limited 100nm Tetraspeck microsphere bead). Floating numbers above data points
are proportion of organelles from cells in a subpopulation with defined number of organelles that
falls at the diffraction limit.
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Modality

Marker

Number

Exposure

Voxel

of Cells

Time (ms)

(micron^3)

size

Widefield

Sec7-mKO2

1038

100

0.065x0.065x0.2

Widefield

Sec7-mKO2

607

200

0.065x0.065x0.2

∆Arf1
Widefield

Arf1-mKO2

1184

50

0.065x0.065x0.2

Widefield

Erg6-mKO2

560

10

0.065x0.065x0.2

Widefield

Erg7-mKO2

1388

50

0.065x0.065x0.2

Widefield

BODIPY493/503 375

100

0.1083x0.1083x0.2

Widefield

Pex3-mKO2

1006

100

0.065x0.065x0.2

Widefield

mTagBFP2-

986

50

0.065x0.065x0.2

1365

100

0.065x0.065x0.2

in 415

200

0.080x0.080x0.2

in 446

200

0.080x0.080x0.2

PTS1
Widefield

Tom70-mKO2

Spinning

Erg6-mRFP

disc confocal SD
Spinning

Erg6-mRFP

disc confocal OA
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Spinning

yemCitrine-

197

200

0.080x0.080x0.2

145

200

0.080x0.080x0.2

100

200

0.080x0.080x0.2

Sec7-GFP

254

200

0.080x0.080x0.2

Tom70-

197

200

0.080x0.080x0.2

947

4.61µs/pixel, 0.2072x0.2072x0.2

disc confocal PTS1 in SD
Spinning

yemCitrine-

disc confocal PTS1 in SD
Spinning

yemCitrine-

disc confocal PTS1 ∆Vps1 in
OA
Spinning
disc confocal
Spinning

disc confocal yemCitrine
Laser

Sec7-mKO2

Scanning

512x512

Confocal

pixels

Laser

Erg6-mKO2

1476

4.61µs/pixel, 0.2072x0.2072x0.2

Scanning

512x512

Confocal

pixels
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Laser

Pex3-mKO2

1112

4.61µs/pixel, 0.2072x0.2072x0.2

Scanning

512x512

Confocal

pixels

Laser

Tom70-mKO2

724

4.61µs/pixel, 0.2072x0.2072x0.2

Scanning

512x512

Confocal

pixels

SRRF

Arf1-tdTomato

521

33ms x 30 0.065x0.065x0.2
frames/slice

SRRF

Erg6-tdTomato

676

33ms x 30 0.065x0.065x0.2
frames/slice

SRRF

mTagBFP2PTS1

536

10ms x 100 0.065x0.065x0.2
frames/slice

Table S 1: Imaging parameters. Pixel dwell time for laser scanning confocal is listed in exposure
time column. SRRF resolution column refers to pre-processed pixel sizes. SRRF processing
parameters are as follows: Arf1-tdTomato: Ring radius =3, Radiality magnification = 8, axes in
ring = 7, temporal analysis = TRA; Erg6-tdTomato: Ring radius =3, Radiality magnification = 8,
axes in ring = 7, temporal analysis = TRA; mTagBFP-PTS1: Ring radius =0.5, Radiality
magnification = 6, axes in ring = 6, temporal analysis = TRPPM.
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Chapter 3: Systems-Level Interdependence in Organelle Biogenesis

Introduction to Organelle Interactions
A hallmark of Eukaryotic cells is its compartmentalization into membrane-bound organelles.
While the function of individual organelles and their role in cellular homeostasis is well studied,
less is known about the cell’s coordinated control over their synthesis. These organelles interact
with each other through organelle contact sites, organelle function, and organelle biogenesis.
Contact sites are tethering points on the membrane of two organelles that serves a function between
the organelles. Functional organelle interaction consists of organelles using byproducts of other
organelles to perform their own function. And finally, organelle interaction through biogenesis
consists of the biogenesis of multiple organelles depending on one another. In this chapter, we
focus on the interactions and interdependence of the biogenesis of multiple organelles in individual
cells.
Historically organelle interactions and specifically interactions in terms of the biogenesis of
organelles have been studied among two organelles at a time. (Gottschling 2014, 2017).
Autophagosome and peroxisomes are examples of metabolic organelles having complex
biogenesis that interact with each other. Autophagosomes are double membrane structures that
engulf cytoplasm and organelles, delivering material to the lysosome to be catabolized and
recycled. Autophagy is initiated in response to a variety of stresses, including starvation, ER stress,
and infection. The source of the membrane for autophagosome biogenesis is variable and depends
on the type of stress experienced by the cell. Indeed, autophagosomes have been reported to
originate from the mitochondria, ER, ER-mitochondria contact sites, plasma membrane, ER-Golgi
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intermediate compartment, and trans-Golgi in different cell types under different stressors
(Galluzzi 2017, Cohen 2018).
Peroxisomes are known to multiply via division of existing peroxisomes or can form de novo from
the ER. It has recently been shown that mitochondria-derived vesicles play a role in the biogenesis
of peroxisomes. It has been shown that the peroxisomal protein PEX3 can traffic from
mitochondria onto vesicles that are capable of importing some peroxisomal membrane proteins.
These mitochondria-derived pre-peroxisomal vesicles must then fuse with ER-derived vesicles in
order to form mature peroxisomes (Smith 2013, Kim 2017).
It has in recent years been shown that nascent lipid droplet (LD) formation occurs in the
endoplasmic reticulum membrane. S. cerevisiae containing the reticulon homology domain protein
Pex30 are regions where pre-peroxisomal vesicles and where most nascent LDs form (Joshi 2018).

Inspired by our findings from the previous chapter about mechanisms of individual organelle size
control, we build a novel mathematical and experimental framework to study the interdependence
of organelle biogenesis among six different types of organelles in S. Cerevisiae: Mitochondria,
ER, lipid droplets, peroxisomes, vacuoles, and Golgi apparatus.
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Experimental Method for the Study of Organelle Interactions
The first step in our attempt to study the interdependence of biogenesis among multiple organelles
in Saccharomyces Cerevisiae consists of engineering a strain that allows us to image and measure
biogenesis properties of multiple organelles in each cell. These biogenesis properties consist of the
abundance and size of each type of organelle.

Rainbow Yeast
Individual Saccharomyces Cerevisiae cells belong to one of the two mating types “a” and “a”.
Each mating type is a haploid that can fuse to the other to mate and form a diploid. We used this
property of yeast cells to engineer cells with six individual fluorescently labelled organelles by
fluorescently labeling three organelles in each mating type and then mating them. Below is a table
of the six different fluorescent proteins and the biological markers used to attach to different
organellar proteins.

Organelle

PTS1

Protein

(Peroxisomal (Vacuolar
cortex)

Vph1

Sec61

Sec7

Tom70

ER

Golgi-

Mitochondrial Lipid

membrane) membrane associated
vesicles

Fluorescent mtagBFP2

mTFP

sfGFP

Protein
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Erg6

outer

Droplet

membrane

Membrane

yemCitrine tdTomato

mCherry

Genetic

Trp

Kan

Ura

His

His

Trp

Ey2796

Ey2795

Ey2796

Ey2795

Ey2796

Ey2795

Marker
Mating
type

Table 1. List of organelle proteins labelled with corresponding fluorescent proteins in Rainbow
Yeast.

As shown in the table 1. above, the mating types differ in one genetic marker used to label
organelles: Kanamycin resistance and a Uracil marker. Taking advantage of this choice of genetic
markers, we mate the cells by growing both mating types in a media suspension overnight and
plating the cells on a SD-Ura+Kan plate. This allows us to successfully select for mated strains
that can both produce Uracil and are resistant to Kanamycin. We refer to this strain as “Rainbow
Yeast”.

Imaging Rainbow Yeast Strain
We used an inverted hyper-spectral confocal fluorescence microscope. This microscope is
equipped with a spectral detector that uses a diffraction grating to spectrally separate down to 2nm
wavelengths. A built-in software takes advantage of a linear operator to spectrally unmix different
wavelengths, allowing us to distinguish organelles with different spectra.
When engineering our Rainbow Yeast, we selected fluorescent proteins with emission spectra
greater than 2nm in wavelength. Additionally, fluorescent proteins with closer emission spectra
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were assigned to geometrically different organelles in order to further enhance our spectral
unmixing process.
Below we present spectrally unmixed images of Peroxisomes, Vacuoles, the Endoplasmic
Reticulum, Golgi, Mitochondria, and Lipid Droplets labelled with their respective fluorescent
proteins in individual Rainbow Yeast.

Figure 4. A. mTagBFP2 PTS1 (Peroxisomes), B. Vph1 mTFP (Vacuoles), C. Sec61 sfGFP
(Endoplasmic Reticulum), D. Sec7 mTFP (Golgi Body), E. Tom70 tdTomato (Mitochondria), F.
Erg6 mCherry (Lipid Droplets).
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Image Processing of Rainbow Yeast

After acquiring and unmixing images of all six organelles, our goal is to measure different physical
properties of our Rainbow Yeast such as the size of the cells, size of organelles, abundance of
organelles, and the intensity if fluorescent emission from organelles. To measure these properties,
we implemented an image processing code developed by members of our lab (please refer to
Chapter 2, Robustness and Universality in Organelle Biogenesis by Amiri, Kalish, and Mukherji).
Additionally, we use ilastik, an interactive machine learning for (bio)image analysis (by Berg et
al, Nature 2019) as an alternative method to speed up our image processing.
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Genetic Perturbations of Organelle Biogenesis Regulators
After developing a pipeline to image and measure physical and biogenesis properties of organelles
in our Rainbow Yeast and measuring natural organelle fluctuations in wild type cells, we turn our
attention to the perturbation of well-known organelle biogenesis factors in yeast cells. Perturbing
the biogenesis of each type of organelle in the Rainbow Yeast will allow us to not only measure
the effects of this perturbation on that specific organelle, but to study how this perturbation affects
other organelles in the cell. To perturb the biogenesis of each type of organelle, we identify genes
involved in the biogenesis of a specific organelle from the literature and have deleted that gene to
measure its effects on other organelles and the cell. Bellow we provide a list of the genes we have
selected to delete in our Rainbow Yeast and its known effects on specific organelles.

ARF1: This gene is involved in the regulation of vesicular traffic to late Golgi body and the
formation of Golgi membrane (Deitz 2000 & Bhave 2014). It has also been shown by (Ackema
KB2014) that Arf1 plays an unexpected but evolutionarily conserved role in mitochondrial
morphology, in which the impairment in Arf1 function led to an accumulation of Mitofusion Fzo1.

DNM1: This gene is involved in the organization of mitochondria and required for mitochondrial
fission and inheritance; self assembles on the cytoplasmic face of mitochondrial tubules at sites
where division will occur; participates in endocytosis and regulates peroxisome fission. The
human homologue (DNM1L) has been used to study infantile slowly progressive encephalopathy
due to defective mitochondrial and peroxisomal fission
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FIS1: This gene leads to the formation of the Fis1 protein that is involved in mitochondrial and
peroxisome fission and organization. Fis1 localizes to the mitochondrial outer membrane and to
peroxisomes. It is known to play a role in tethering protein aggregates to mitochondria in order to
retain them in the mother cell.

FLD1: This gene is involved in lipid droplet (LD) assembly and formation from the ER, controls
lipid particle morphology, number, and size, promotes initiation of LD formation on the ER, and
ensures that LDs bud from the ER towards the cytosolic side of the membrane.
The human homologous gene to FLD1 is BSCL2 and has been used to study the Berardinelli-Seip
congenital lipodystrophy, known to be a type of fat storage disease.

Fzo1: This Mitofusion gene is involved in the fusion process of mitochondria. Deletion or
overexpression of Fzo1 leads to fragmented mitochondria. As mentioned in Chapter1,
mitochondrial abnormalities due to the human homologous gene MFN2 have been used in the
study of Charcot-Marie-Tooth disease.

PEX30: the Pex30 protein resides on the ER and is involved in the biogenesis of Lipid Droplets
and peroxisomes from subdomains on the ER (Joshi, 2018).

RTN1: The Rtn1 protein is involved in the maintenance of tubular ER morphology, promotes
membrane curvature, regulates the ER asymmetry-induced inheritance block during ER stress, and
plays a role in ER-derived peroxisomal biogenesis. When overexpressed, it leads to an increase in
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tubular ER. Deletion of this gene results in a reduction in phosphatidylserine transfer between the
ER and mitochondria.

VPS1: The Vps1 protein involved in vacuolar protein sorting, protein retention in the Golgi
apparatus, and peroxisome organization and fission. It localizes to the vacuole membrane and
peroxisomes.

VPS41: The Vps41 protein is localized on the vacuole membrane. It assists in trafficking of
proteins and membrane to vacuoles and is known to be involved in promoting membrane fusion
events to the vacuole.

YOP1: Similar to Rtn1, Yop1 is an integral ER membrane protein involved in the generation of
tubular ER morphology, promotes membrane curvature, and regulates the ER asymmetry-induced
inheritance block during ER stress. This protein plays a role in ER-derived peroxisomal biogenesis
and is known to facilitate lipid exchange between the ER and mitochondria (Piña FJ, 2016).

We perform multiple tests such as check PCRs and sequencing on our knockout Rainbow Yeast
strains to ensure that the deletion of the desired gene was indeed successful. All of the data
presented in this manuscript are from strains with their genetic knockouts checked and confirmed.
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Results
After imaging and processing images of wild type Rainbow Yeast and strains with different genetic
knockouts, we are able to measure different properties of each cell, such as cell size, the size of
each type of organelle, the abundance of each type of organelle, organelle volume fractions, and
etc. over a large population of cells.
To confirm the effects of these knockouts we first measure some of the well-known properties
from our previous studies and from the literature.
In the figure below (Fig 5), we test the effects of the deletion of Rtn1 on the size of the ER. Rtn1
is known to inhibit the formation of cortical ER during inheritance. We see a clear shift in the size
of the ER from WT cells to Rtn1 knockouts towards smaller sizes.

ER size WT

A

B

Fig 5. Histogram of ER sizes in A) WT rainbow yeast and B) Rtn1 delete Rainbow Yeast.

74

As another example, we know the effect of the deletion of Dnm1 on the number of peroxisomes
and more specifically on mitochondria. In the figure below we see a shift towards a smaller number
of mitochondria and peroxisomes from WT to Rainbow yeast with the Dnm1 gene deleted. This
change is from a mean size of 3 to 2 for both organelles.

A

B

D

C

Fig 6. A) Abundance of peroxisomes and B) Mitochondria in WT Rainbow Yeast. Abundance of
C) Peroxisomes and D) Mitochondria in Rainbow Yeast with Dnm1 deleted.
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After confirming the effects of the genetic perturbations on the organelles, we turn our focus to
analyzing properties of all six organelles in different knockouts and finding changes in correlations
among them from WT to genetic knockouts.

Below (Fig 7) is a result we observe in mean organelle sizes from WT to the Dnm1 delete. We
perform Principal Component Analysis (PCA) on the mean organelle sizes of all six organelles
among the WT and knockout strains and observe a bimodal clustering in the mean organelle sizes
of the Dnm1 deleted strain. Interestingly, this clustering and the principal components associated
with them are consistent with observations of cells growing in glucose-depleted and glucoserepleted media. This observation suggests that the deletion of the Dnm1 gene and its effects on
organelle sizes mimic and divide the growth of these cells into two categories: cells that are grown
in glucose-replete medium and cells that are grown in glucose-depleted medium.
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Fig7. PCA analysis of mean Organelle sizes in WT Rainbow Yeast (blue) and Dnm1 deleted
Rainbow Yeast (magenta).

77

Theoretical Model of Multiple-Organelle Size Control
Inspired by our mathematical model of bursty growth of individual organelles, in this chapter we
introduce a theoretical model that describes bursty growth of multiple organelles at once who share
a limited pool of building blocks. We utilize the Tau-Leaping Gillespie algorithm (Gillespie 2003)
to enhance the computational efficacy of this model. Below (Fig 8) we show that the tau-leaping
algorithm produces results similar to the original Gillespie algorithm with the same parameters.

Gillespie Algorithm

A

Tao-Leap Gillespie Algorithm

<S>

B

<S>

N

N

Fig 8. Average organelle size vs number of organelles with the A) original Gillespie algorithm,
and B) Tau-leap Gillespie algorithm.

In the figure below (Fig 9) we show results of the tau-leaping model for three sample sets of
parameters, simulating for three different types of organelles in each cell.

78

B

A

Fig 9. Results of the Tau-Leap Gillespie algorithm for cells with 3 organelles. A) Average Size
vs number of organelles for each of the organelle types. B) CV of organelle sizes as a function of
organelle number (circles) and total organelle volumes (solid lines) for each type of organelle in
each cell.

We hope to combine results we acquire from our Rainbow Yeast data with the multi-organelle
growth model to decipher the interdependence of biogenesis among multiple organelle types in
yeast cells.
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Chapter 4. Summary
To conclude, in Chapter 1 we introduce concepts and previous work done in the study of organelle
biogenesis and its importance in understanding human diseases and phenotypic abnormalities.

In Chapter 2 we combined theoretical models with experimentally acquired organelle data and
showed that organelle sizes from Saccharomyces cerevisiae and human iPS cells show that cells
can robustly control average fluctuations in organelle size. By demonstrating that organelle sizes
obey a universal scaling relationship we predicted theoretically, our framework suggests that
organelles grow in random bursts from a limiting pool of building blocks. Burst-like growth
provides a general biophysical mechanism by which cells can maintain on average reliable yet
plastic organelle sizes.

Lastly, in Chapter 3 we introduce our framework for experimentally and theoretically studying six
different types of organelles in each cell simultaneously, to infer mechanisms of interactions
among organelles during their biogenesis.
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